Abstract In this study, we quantify the reduction in the standard deviation for empirical ground-motion prediction models by removing ergodic assumption. We partition the modeling error (residual) into five components, three of which represent the repeatable source-location-specific, site-specific, and path-specific deviations from the population mean. A variance estimation procedure of these error components is developed for use with a set of recordings from earthquakes not heavily clustered in space. With most source locations and propagation paths sampled only once, we opt to exploit the spatial correlation of residuals to estimate the variances associated with the path-specific and the source-location-specific deviations. The estimation procedure is applied to ground-motion amplitudes from 64 shallow earthquakes in Taiwan recorded at 285 sites with at least 10 recordings per site. The estimated variance components are used to quantify the reduction in aleatory variability that can be used in hazard analysis for a single site and for a single path. For peak ground acceleration and spectral accelerations at periods of 0.1, 0.3, 0.5, 1.0, and 3.0 s, we find that the singlesite standard deviations are 9%-14% smaller than the total standard deviation, whereas the single-path standard deviations are 39%-47% smaller.
Introduction
Ground-motion prediction models describe the mean and the aleatory variability of ground-motion amplitude in natural logarithmic units. For brevity, we will in this paper omit the reference to logarithm when we discuss the distribution of ground-motion amplitude. The aleatory variability is measured, in most empirical models, by the standard deviation of regression residual (observed amplitude minus predicted mean) from a data set that includes recordings at a broad range of site conditions and from earthquakes that occurred at different locations, sometimes in different tectonic regions. By using the observed standard deviation in a site-specific seismic hazard analysis, there is an implicit assumption that the variability seen in such a mixture is the same as the variability seen in the groundmotion amplitudes at a single site from multiple earthquakes occurring at a single source location or in a small source volume. This assumption has been referred to as the ergodic assumption of ground-motion amplitude by Anderson and Brune (1999) , who have also suggested that it is not likely to hold in reality. The variability of ground-motion amplitude recorded at a single site or from a single path is expected to be smaller than the variability for a mixture of sites and source locations because the latter includes additional source location-to-location, site-to-site, and path-topath variability.
It is well known that the value of the standard deviation of ground-motion amplitude has a large impact on the seismic hazard at long return periods (e.g., Restrepo-Velez and Bommer, 2003) . A review of issues related to the estimation of standard deviation is given by Strasser et al. (2009) . One promising approach for improving the estimate of standard deviation is to remove the ergodic assumption. Such improvement was not readily feasible in the past because data available then were insufficient to allow for a stable estimation of the variance components. For example, in the data set used by the Next Generation of Ground-Motion Attenuation Model project , only a few strong-motion sites recorded more than 10 earthquakes, and for these sites, the recorded earthquakes did not always occur close to each other. This limitation has been drastically improved in recent years, particularly in the small to moderate magnitude range (3 ≤ M ≤ 5:5), thanks to the installation and continuous operation of dense networks of broadband digital instruments, such as the networks in northern California (Boatwright et al., 1999) and southern California (Wald et al., 1999) ; K-NET (Kinoshita, 1998) and KiK-net (Aoi et al., 2000) in Japan; and the Taiwan Strong-Motion Instrumentation Program (TSMIP) network in Taiwan (Liu et al., 1999; Shin and Teng, 2001) .
Using data from these networks, several recent studies (Chen and Tsai, 2002; Atkinson, 2006 , Morikawa et al., 2008 have estimated the standard deviations of site-to-site and path-to-path variability. These studies have found that the standard deviation of peak ground acceleration (PGA) is reduced by 7%-14% if site-to-site variability is removed and by 30%-60% if both site-to-site and path-to-path variability are removed. The results from previous studies also suggest that the path-to-path variability has a greater contribution to the total standard deviation than the site-to-site variability.
The main objective of this study is to quantify the reduction in standard deviation by removing ergodic assumption. We present a model of ground-motion amplitude that includes a decomposition of residuals into five components, three of which represent repeatable deviations whose variability adds to the total variability. We also propose a procedure by which the variance of each component can be estimated. We then apply this procedure to a large data set from Taiwan with at least 10 recordings per site. Finally, we present the results from the Taiwan data and compare these results with those from the previous studies in terms of the reduction in standard deviation due to the exclusion of certain variance components in an effort to remove the ergodic assumption.
Components of Variability
In this study, the nonlinear site amplification effects on the standard deviation of residual are ignored for the sake of simplicity. With this simplification, the mixed-effect model for the observed ground-motion amplitude (Abrahamson and Youngs, 1992) can be written as y ik fx ik ; θ η E i ξ ik ;
(1) where y ik is the natural logarithm of the observed 5%-damped pseudospectral acceleration at the kth site from the ith earthquake, x ik is the vector of predictors (e.g., magnitude, distance, style-of-faulting factors, and site V S30 ), θ is the vector of fixed-effect coefficients to be estimated by the regression analysis, and fx ik ; θ is the population mean. The modeling error of equation (1) consists of two terms: η E l (event term) is the mean deviation of the ith earthquake from the population mean, and ξ ik is the modeling error (residual) after the event term is removed. Note that not all earthquakes are recorded at all sites. Though there are combinations of earthquakes and sites for which there are no data, we use k as a site index rather than as a record index (as was in Abrahamson and Youngs, 1992) for consistency with the notation used later.
The vector of residuals ξ ik and the vector of event terms η E l are assumed to be multivariate zero-mean normal variables that are mutually independent and identically distributed, and ξ ik is assumed to be independent of η E l . The total variance (σ T ) for equation (1) is
where τ E and σ denote the standard deviation of η E i and ξ ik , respectively. This type of variance decomposition has been widely adopted in recent ground-motion prediction models. In general, τ E and σ may be dependent on earthquake magnitude, distance, and/or ground-motion amplitude (e.g., Youngs et al., 1995; Abrahamson et al., 2008) . Such features, however, are not the objective of our investigation, and they are not pursued in this study.
Adding Site Term
With multiple recordings at each site, residual ξ ik can be partitioned to include the deviation of the site-specific amplification from the average soil amplification for the soil class (or V S30 ) of a site. With the site-specific terms, equation (1) can be rewritten as
The variable η S k (site term) represents the site-specific deviation of the kth site, and ξ r ik is the residual after accounting for the event term η E i and the site term η S k . This model equation has been used by Chen and Tsai (2002) to investigate the event-to-event and site-to-site variabilities.
In equation (3), data are grouped by both the factors of event and site, and the site factor is not nested within the event factor. In other words, equation (3) is a two-way cross classification of spectral data, not a hierarchical classification. For this reason, we do not use the term intraevent or intrasite to describe the residual ξ r ik . We use the subscript r to distinguish it from the residual ξ ik defined earlier and from the residual defined later.
The vectors of η S k , η E i , and ξ r ik are assumed to be independent of each other, and the total variance based on equation (3) is the sum of three components:
where τ S is the standard deviation of η S k (representing the site-to-site variability of the site-specific term), and σ r is the standard deviation of ξ r ik .
Adding Path Term and Spatial Dependence
Residual ξ r ik in equation (3) can be, in concept, further decomposed to include a path-specific term to represent the average deviation of a path from the population mean fx ik ; θ. With ξ r ik η P ik ξ 0 ik , equation (3) is rewritten as
where η P ik (path term) is the mean deviation specific to the path between the ith earthquake location and the kth site, and ξ 0 ik is the remaining residual after accounting for the event, site, and path terms.
Clearly, for the purpose of estimating η P ik and its standard deviation (τ P , representing the path-to-path variability of the path-specific term), equation (5) is overparameterized for a data set with the majority of paths sampled just once, and the standard deviation of ξ 0 ik (denoted as σ 0 ) cannot be reliably separated from τ P . Previous studies have defined source regions in such a way that one could assume similar path terms at a site for earthquakes in the same source region (Atkinson, 2006; Morikawa, 2008) . Alternatively, Anderson and Uchiyama (2010) use weighted spatial average to provide an estimate of the path term for each earthquake-site combination. In this study, we use a regionless approach to estimate τ P and σ 0 without actually estimating and removing the individual path term η P ik .
Our regionless approach is based on the postulation that path terms η P ik are correlated and the degree of correlation increases with decreasing separation between paths, as adjacent paths share more similarity than far-apart paths. A metric that measures the path separation is defined later in Approach for Estimating the Variance Components. The vector of ξ 0 ik is assumed to be mutually independent and independent of η P ik . Under these assumptions, the vector of residual ξ r ik η P ik ξ 0 ik is correlated; its covariance property, assuming stationarity, is described by the semivariogram (Cressie, 1993) 
where ρη P ik ; η P jk is the correlation function. Note that the 1=2 factor eliminates the need to carry a factor of 2 in the last equality of equation (6). If ground-motion amplitudes are limited to those from identical paths (zero separation), then γξ r ik ; ξ r jk is equal to σ 2 0 because ρη P ik ; η P jk 1 (η P ik is identical to η P jk ). If data are limited to those from far-apart (zero correlation) paths, then γξ r ik ; ξ r jk τ 2 P σ 2 0 .
Adding Source-Location Term
The event term η E i (for rock site condition) captures the effect of difference in the source properties for the different earthquakes in the data set. It is reasonable to assume that earthquakes occurring in a small source volume would have similar source properties and hence similar event terms. Incorporating this into the ground-motion prediction model, equation (5) becomes
where η SR i represents the mean event term for the cluster of earthquakes at the location of the ith earthquake, and η E0 i is the event term of the ith earthquake after accounting for the repeatable source-location effect η SR i . The variance τ 2 E is decomposed as
( 8) where τ SR and τ E0 are the standard deviation of η SR i and η E0 i , respectively. The standard deviation τ SR represents the location-to-location variability of the source-locationspecific term. Estimation of τ SR and τ E0 is difficult for a data set with an insufficient number of colocated or tightly clustered earthquakes. Using the same idea as previously discussed, we postulate that η SR i is correlated between two nearby source locations; we use a regionless approach based on the semivariogram of spatially correlated η E i for the estimation of τ SR and τ E0 . More details on the estimation are discussed in Approach for Estimating the Variance Components.
Site terms η S k for two neighboring sites are likely to be correlated as well, and their correlation structure may also be included in our analysis. We have not pursued this additional step, because the focus of this study is on the site-specific hazard analysis.
Aleatory Variability for Single-Path and Single-Site Application
The modeling error of equation (7) is partitioned into three repeatable terms and two random error terms (η E0 i and ξ 0 ik ). The three repeatable terms represent the sourcelocation-specific (η SR i ), site-specific (η S k ), and path-specific (η P ik ) deviations from the population mean fx ik ; θ. The total aleatory variability of a ground-motion prediction model includes variability of these three repeatable terms if it is derived from a mixture of sites and earthquake locations. The total variance σ 2 T , with ergodic assumption, can be written as the sum
As explained in the Introduction, some applications do not warrant all components of variance. A discussion of two such applications follows.
Single-Site Application
Typically, in both deterministic and probabilistic analysis of site-specific earthquake hazard, the variance of predicted amplitude is assumed to be all aleatory variability. In a singlesite application, the site-specific term η S k is a repeated term (a fixed effect), and it does not contribute to the aleatory variability for that site. The total variance for the single-site application, σ 2 SS , is thus given by σ
Note that the impact of removing the ergodic assumption goes beyond reducing the standard deviation. If we remove the ergodic assumption from the standard deviation, then we must also remove the ergodic assumption from the mean. Once we remove the site-to-site variability for a single-site application, we can no longer use fx ik ; θ as the mean amplitude for that site; the site-specific deviation must be included as part of the mean amplitude. The value of the site-specific term is estimated; it is not known exactly. As a result, the mean amplitude for the given site is subject to epistemic uncertainty. The accompanied epistemic uncertainty will offset the benefits of reduced aleatory variability in a hazard analysis if there are insufficient data or other information to constrain the sitespecific mean amplitude.
Single-Path Application
In a single-path application (i.e., in a site-specific analysis involving only one source location or one small source volume) the terms η SR i , η S k , and η P ik each have a fixed value, and they do not contribute to the aleatory variability for that path. Thus, for a single-path application the total aleatory variability comprises only the random variability of η E0 i and ξ 0 ik ,
( 11) where σ SP denotes the total standard deviation for application to a single path. Similar to the single-site application, once we remove the variability associated with the three repeatable terms in a single-path application, we can no longer use fx ik ; θ as the mean amplitude; the deviations specific to the given path must be included as part of the mean amplitude.
Because the values of these specific terms are estimated, the mean amplitude for the given path will be subject to epistemic uncertainty.
Data Set
The TSMIP (Liu et al., 1999; Shin and Teng, 2001) operates a strong-motion network of approximately 700 strong-motion instruments that have recorded thousands of earthquakes in and near Taiwan since 1993, including the 1999 M 7.6 ChiChi earthquake. A large ground-motion database has been assembled by Lin (2009) , who compiled and processed acceleration time series from shallow earthquakes that occurred from 1992 to 2003. Each groundmotion recording was baseline corrected, and the maximum usable period was determined following the procedures described in . The 5%-damped pseudospectral accelerations at periods ranging from 0.01 s to 10 s were calculated for both horizontal components of a recording. The orientation-independent measurement of average horizontal amplitude, GMRotI50 (Boore et al., 2006) , was also computed and included in the database. For each strongmotion station, an estimate of the V S30 value was either computed from the PS suspension logging data at or near the station or obtained from Lee et al. (2008) , who mapped the distribution of V S30 in Taiwan using available geotechnical data and multivariate geostatistical technique.
In this study, we use Lin's database to estimate the variability components described previously. We apply the following criteria to select a data subset that fits our needs.
First, we limit the data to distances of less than 200 km to be consistent with the distance range of applicability of the Chiou and Youngs (2008) ground-motion prediction model. Second, to ensure a stable estimation of the site terms, we restrict data to sites that had recorded at least 10 earthquakes. Finally, the 1999 Chi-Chi mainshock is excluded from the final data set because of complexities in defining the sourceto-site path for extended ruptures. Spectral accelerations from the 16 March 2000, M 4.85 earthquake show little distance attenuation in distances between 10 km and 100 km. This event is also excluded. Further evaluation of this event is needed to understand why it is an anomaly.
Some of the predictor variables needed for our study are either missing or incomplete. Their values are filled in as followed. A strike-slip mechanism is assumed for the five earthquakes with unknown style-of-faulting factors. This only impacts their event terms. Hypocentral distance is used as the distance measure in this study, except for recordings from a few larger earthquakes with a finite source model. The hanging-wall effect impacts only the ground-motion amplitude a short distance from a large earthquake (magnitude larger than 6). Consequently, it is not an important effect for our data set, and we ignore it in this study. The relationship between soil depth and V S30 given in Chiou and Youngs (2008) is used to fill in the missing soil depth.
The final selected data set consists of 4756 recordings from 64 earthquakes (Table 1 ) and 285 strong-motion stations (Fig. 1) . The magnitude-distance distribution of these recordings is shown in Figure 2 . The selected earthquakes have moment magnitudes in the range of 3.9 to 6.3. A histogram of the number of recordings per station is shown in Figure 3 . Most of the stations recorded between 10 and 30 earthquakes; only four stations recorded more than 30 earthquakes. A histogram of V S30 from the 285 stations is shown in Figure 4 . The large peaks in the histogram at V S30 220 m=s and V S30 760 m=s reflect the sites for which V S30 was estimated using correlation between surface geology and V S30 . We expect the site term to reflect the error in site V S30 and its standard deviation (τ S ) to include the contribution from V S30 measurement error as well as the site-tosite variation in soil amplification for a given V S30 .
The GMRotI50 data are only used for the period range that is determined to be reliable. The number of usable recordings for each of the six ground-motion parameters analyzed in this study is listed in Table 2 . At a period of 3 s, the number of recordings is reduced approximately 10% from that at PGA.
Approach for Estimating the Variance Components
The error of the mixed-effects model of equation (1) is separated into η E i and ξ ik , and their variances can be estimated by using either the two-stage weighted-least-squares method (Joyner and Boore, 1993) or the one-stage maximumlikelihood method (Abrahamson and Youngs, 1992) to account for the correlations of spectral acceleration data from a single earthquake and to account for uneven sampling of the different earthquakes. As we incorporate site-specific terms and path-specific terms into equation (1), the data covariance matrix becomes more complicated. Estimating the variance components of equation (8) requires a more flexible regression method that is capable of handling the correlation structure induced by the site term and the spatially correlated path terms. A rigorous regression method of this kind may be feasible but is not attempted in this study. Instead, we use a multistep approach that is more tractable and easy to implement. This procedure, which roughly parallels the stages of error decomposition described previously, is presented next.
Step 1: Developing a Ground-Motion Prediction Model
Initially, we chose to use the empirical ground-motion model of Chiou and Youngs (2008) (hereafter, CY08) to avoid the need to derive a new empirical model for Taiwan. However, after seeing some misfits we modestly revised CY08 by using the mixed-effects model of equation (1) to obtain better fits to the Taiwan data. The resulting η E i from the revised model are plotted as a function of magnitude in Figure 5 , and the residuals ξ ik are plotted as a function of distance in Figure 6a . The estimated value of τ E is listed in Table 3 .
Step 2: Estimating the Standard Deviations τ S and σ r
The residuals ξ ik from the updated CY08 are modeled by using a linear mixed-effect model (corresponding to equation 3),
(12) Coefficient C accounts for the possible deviation from zero due to uneven sampling of the stations. The estimated deviation is less than 0.022 for all periods (hence, they are not listed). The estimated values for τ S and σ r are listed in Table 3 . The residuals ξ r ik are shown in Figure 6b . Accounting for the site terms results in a significant reduction in the scatter of the residuals.
Step 3: Estimating τ P and σ 0
As explained previously, we use a regionless approach to estimate τ P and σ 0 . The key component of our approach is the metric CI that measures the separation between two paths. This metric is defined in the following. There are multiple earthquakes recorded at the kth site, as shown in For each pair of earthquakes, the distance between the ith and jth hypocenters is denoted as ΔH ij; , and the hypocentral distance from the ith earthquake to the kth site is denoted as R ik . To quantify the path separation between the i k and the j k paths, we define the closeness index as
Using the closeness index avoids the need to define specific source regions. If two earthquakes are located close together when compared against the average hypocentral distance (small CI), then the two paths are regarded as similar. If the earthquakes are located far apart when compared with the average distance (large CI), then the two paths are regarded as dissimilar. The CI value ranges from 0 for colocated earthquakes to a value near 2 for earthquakes located in opposite (180°difference in azimuth) epicentral directions from the site. When two earthquakes are in opposite epicentral directions, ΔH ij is close to R ik R jk , hence, the CI value is near 2. With the closeness index as our metric for path separation, we proceed to estimate τ P and σ 0 by modeling the empirical semivarigram of ξ r ik . For convenience, we normalize the residual ξ r ik by the σ r estimated in Step 2. We then compute the difference between the normalized residual for all pairs of earthquakes recorded at the kth site as
The values of Δξ 2 r ijk are grouped into bins equally spaced in the logarithm scale of CI (Fig. 8) , except for the lowest bin for which the bin width is made wider to include a sufficient number of data points. The standard deviation of Δξ r ijk (σ Δξ r ), calculated as the square root of the mean Δξ 2 r ijk (c.f., equation 6), is shown in Figure 9 for each bin. The binned σ Δξ r is clearly dependent on CI: σ Δξ r is smaller in low-CI bins and larger for high-CI bins. The trend revealed in Figure 9 suggests a parameterization of Table 3 Standard Deviations from the Mixed-Effects Regressions
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Step 1
Step 2 where b 1 is the σ Δξ r at CI 0, and b 2 is the asymptotic value of σ Δξ r at CI ≫ b 3 . In large-CI bins, σ Δξ r is similar for all spectral periods. We thus impose the constraint that b 2 is identical for all periods. We also constrain n and b 3 to be period independent. With these as constraints, b 2 , b 3 , n, and six period-dependent b 1 are estimated simultaneously using ordinary least-squares fitting of the binned σ Δξ r values. The resulting coefficients are listed in Table 4 , and the fitted model for each spectral period is shown in Figure 9 as the solid line. The resulting standard deviation for the different spectral periods are compared in Figure 10 . Overall, there is a trend for a smaller standard deviation at small CI values at the short spectral periods than at the long spectral periods. This indicates that there is greater repeatability of path effects at short periods than at long periods. One possible explanation for the larger variability at long period is that it reflects the radiation pattern effects on the ground-motion amplitude. If the earthquakes located in a small source volume have different focal mechanisms, then the variability for small CI values would include the effects of variability in the focal mechanisms. Because the focal mechanism effects are stronger at long periods than at short periods, we would expect greater variability in the long-period amplitude for a specific source-site combination.
As explained earlier, σ 0 is equal to b 1 (the σ Δξ r at CI 0), multiplied by σ r to remove the normalization. Therefore, for a given spectral period T, we have
is equal to b 2 (the σ Δξ r at large CI) multiplied by σ r to remove the normalization. We have
The values of τ P and σ 0 , which were estimated from the TSMIP data, are listed in Table 5 . Step 4: Estimating τ SR and τ E0
A procedure similar to that described previously is used for the estimation of τ SR and τ E0 . The normalized difference between the event terms of the ith and the jth earthquakes is computed as
where τ E is the event-term standard deviation estimated in
Step 1 (Table 3) . The values of Δη 2 ij are shown as a function of ΔH in Figure 11 . These Δη 2 ij values are put into ΔH bins (defined by the vertical lines in Figure 11 ). The standard deviation of Δη ij (σ Δη ), computed as the square root of the mean Δη 2 ij , is shown in Figure 12 for each ΔH bin. The dependence of σ Δη on ΔH is similar for all six groundmotion parameters; there is no systematic period dependence. The standard deviation generally increases as ΔH increases from 3 to 100 km as expected.
The decrease in σ Δη as ΔH increases from 100 to 250 km is counterintuitive; we expect the source-location terms to be less repeatable (less correlated) as the separation between source-location increases. Our explanation for this trend is the shape of the island of Taiwan. Because the island is only about 100 km wide and 300 km long, the hypocenter separations of 100-250 km represent earthquake pairs in the Table 4 Coefficients for the CI Dependence of the Standard Deviation σ northeast (near 122°W, 24.5°N) and the southwest (near 120.5°W, 23.25°N). That is, for this set of earthquakes, we are only sampling two small regions where ΔH > 150 km. The decrease in the standard deviation with increasing ΔH indicates that the average stress drops for earthquakes in these two small regions are more similar than expected for this range of separation. If there was a better azimuthal coverage of recorded earthquakes at large separation distances (for a larger area), then we expect that the observed trend would not be observed. While this trend is important for a model applicable to Taiwan, it is not considered to be representative of typical regions.
To develop a parametric model that is widely applicable, we limit the data to those with ΔH ij less than 100 km; the dependence of σ Δη on ΔH is modeled using a form that is monotonically increasing with ΔH:
Coefficient b 4 is the value of σ Δη at ΔH 0, and (b 4 b 5 ) is the asymptotic value at large ΔH. The estimated coefficients are listed in Table 6 , and the resulting model, applicable to all periods, is shown as the solid line in Figure 12 .
The standard deviation of the unexplained random event-term variation (τ E0 ) is equal to the estimated b 4 multiplied by τ E to remove the normalization:
(20)
The standard deviation τ 2 SR τ 2 0 p is equal to b 4 b 5 the σ Δη at large ΔH multiplied by τ E to remove the normalization, so
The values of τ SR and τ E0 , which were estimated from the TSMIP data, are listed in Table 5 .
Results from Previous Studies
Estimates of single-site and single-path standard deviations have been developed by Chen and Tsai (2002) , Atkinson (2006) , and Morikawa et al. (2008) . There has not been a consistent notation used in these previous studies. To facilitate comparisons between the results from this study and the previous studies, Table 7 shows how the notation used in this study is related to the notation used in previous studies, with the last column showing the notation proposed by Al Atik et al. (2010) . The estimated variance components from the previous studies are summarized for PGA in Table 8 . The results of the three previous studies are described next.
Single-Site Standard Deviations Chen and Tsai (2002) fitted a different PGA data set from Taiwan to a ground-motion prediction model with both event and site terms. They found that σ SS was 14% lower than σ T ( Table 9 ). The data set used by Chen and Tsai included data from sites located on rock and firm soil site conditions, but their regression model did not include a term 
p for the site class or for the V S30 . As a result, their estimate of σ T includes the additional variability due to differences in the average site response for different site class or for different V S30 . If a term had been included in their regression to model this average site response, then there would be slightly less of a reduction in the standard deviation for the single-site condition. Atkinson (2006) used strong-motion data from stations in the Los Angeles basin that had recorded multiple earthquakes to estimate σ SS . Unlike Chen and Tsai (2002) , Atkinson corrected the data to a reference V S30 condition before conducting the regression analysis. She found that σ SS was 13% lower for PGA and 8% lower for T 1 s spectral acceleration when compared with the σ T of the whole data set (Table 9) . Single-Path Standard Deviations Atkinson (2006) also found that if she restricted the data to a single-source region so that the paths are similar, then the standard deviation for PGA was 33% lower than σ T compared with a 13% reduction for the single-site condition (Table 10) . Morikawa et al. (2008) used strong-motion data from Japan to estimate σ SP . The data were grouped into six small regions, and region-specific terms were included in the regression model. They found, for PGA, σ SP was 54% smaller than the estimated σ T (Table 10) .
Comparison of Current Results with Results from Previous Studies
The reduction in total standard deviation from the current study is compared with the results from the previous studies in Table 9 for the single-site condition. Our results are Event term (accounted for event and site terms)
site, and path terms)
Total (for mixture of sites and paths) The results for the single-path condition (Table 10) are not as consistent as for the single-path condition: σ SP is about 45% smaller than σ T , compared with 33% found by Atkinson (2006) and 55% reduction found by Morikawa et al. (2008) . The differences in the reductions are likely due to data set differences. For example, the Japanese data used by Morikawa et al. (2008) tend to have larger σ T than the other regions (Table 8 ). Comparing the σ SP values for PGA, we found similar results for the three studies: 0.36 for Morikawa et al. (2008) , 0.414 for Atkinson (2006) , and 0.337 for this study. The large differences in the reduction factors (Table 10 ) reflect the large differences in σ T , not differences in σ SP .
Conclusions and Discussions
Recent analysis of strong-motion data sets has shown that the aleatory variability of a ground-motion prediction model can be reduced significantly if the ergodic assumption is removed. Using a large data set from Taiwan, this study estimates the variance components of ground-motion amplitude and uses the results to quantify the reduction in the total standard deviation due to the removal of ergodic assumption. For peak ground acceleration and spectral accelerations at the periods of 0.1, 0.3, 0.5, 1.0, and 3.0 s, we find that the standard deviations at a single site are 9%-14% smaller than the total standard deviation with ergodic assumption, whereas the standard deviations for a single path (i.e., for a unique combination of site and source location) are 39%-47% smaller.
Such reduction in the aleatory variability, however, comes at the price of increased epistemic uncertainty in the predicted mean amplitude. If the single-path standard deviation is used for the aleatory variability, both deterministic and probabilistic seismic hazard analyses will need to consider the increased epistemic uncertainty in the mean amplitude for each path. For regions with large ground-motion data sets, such as Taiwan, empirical estimates of source-sitespecific mean amplitude can be made with only a small increase in the epistemic uncertainty. For regions with little or no data to constrain the path-specific mean amplitude, the additional epistemic uncertainty will be large.
There is an additional complexity for application to probabilistic seismic hazard analysis (PSHA) without ergodic assumption. The spatial correlation in the epistemic uncertainty will need to be addressed if estimates of the epistemic uncertainty in the hazard (e.g., hazard fractiles) are desired. The focus in this study is on the standard deviation of error components; we have not parameterized our results in terms of correlation coefficients. Models for the spatial correlation of the path terms and the source-location terms can be developed in the future and used in PSHAs to allow for the modeling of the spatial correlations of the epistemic uncertainties in the mean amplitude. A method for conducting nonergodic PSHA that includes spatially correlated logic trees is given by Walling (2009) . For the mean hazard, the spatial correlation is not an issue.
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